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ABSTRACT
Gut microbiota may contribute to the adiposity-associated disease risk, but human studies reported inconsistent associations of ad-
iposity with gut microbiota composition. We examined associations of body mass index (BMI) with alpha diversity and relative mi-
crobial abundance at the phylum and genus taxonomic levels (based on 16S rRNA amplicon sequencing or metagenomics) among 
7415 adults from eight European observational studies in a joint federated analysis of harmonized data using DataSHIELD. Higher 
BMI (per 5 kg/m2) was associated with lower alpha diversity (β: −0.05; 95% CI: −0.07, −0.03) and, on the phylum level, positively as-
sociated with Proteobacteria, but neither with Firmicutes nor Bacteroidetes nor their ratio, where high between-study heterogeneity 
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was observed. On the genus level, BMI was inversely associated with the relative abundance of Faecalibacterium of the Firmicutes 
phylum (β: −0.11; 95% CI: −0.14, −0.07) but positively with the odds of detection of Dorea, Streptococcus, and Clostridium (all three 
Firmicutes) as well as Collinsella (Actinobacteria). This federated analysis of multiple studies found lower alpha diversity, alongside 
depleted Faecalibacterium, as well as higher odds of detection of Dorea, Streptococcus, Clostridium, and Collinsella with higher adi-
posity. By combining data from diverse study populations using harmonized data and statistical methods, our analysis partly over-
comes sources of heterogeneity that may explain previously observed inconsistencies.

1   |   Introduction

Adiposity, reflected by body mass index (BMI), has increased 
worldwide [1], and because of the expected parallel rise in 
metabolic diseases and other obesity-related morbidities, it is 
becoming a major public health concern. A growing body of 
evidence is sustaining the interaction between the gut micro-
biota and adiposity [2, 3], with possible therapeutic value [4]. 
Although findings have been inconsistent in human studies 
[5, 6], it has been hypothesized that the gut microbiota compo-
sition not only plays a role in obesity onset but also intervenes 
in the higher disease risk of comorbidities among people with 
obesity [7, 8].

Alterations in the gut microbiota composition with increasing 
BMI that have been described include lower bacterial alpha di-
versity and a higher Firmicutes to Bacteroidetes (F:B) ratio at the 
phylum level [2, 9]. Although some animal and human studies 
support these hypotheses [10–14], other studies have found no 
associations [11, 15–17] or reported contradictory associations 
[9, 12, 18–20]. Also at the genus taxonomic level, observations 
from different studies have often been inconsistent [9].

Dietary fiber intake, which may interact with the human gut 
microbiota [21–23] and has been inversely associated with BMI 
[24, 25], is a potentially confounding factor in the BMI–gut mi-
crobiota association.

Previous systematic reviews [2, 26] and a systematic review with 
a literature-based meta-analysis [9] attribute the inconsistent 
results partly to differences in microbiome measurement tech-
niques, including methodologies for the quantification of mi-
croorganisms, and to the diverse and often insufficient control 
for confounders in the individual studies [9]. In addition, BMI 
comparison groups across studies were heterogeneous [9]. Joint 
analysis of multiple studies with harmonized individual-level 
data [27] may help overcome these sources of heterogeneity with 
consistent variable definitions, statistical methods, and con-
founder adjustment. Federated analysis grants the opportunity 
to analyze individual-level data from multiple studies jointly in a 
flexible way while keeping the data strictly secure, and no need 
for physical data transfer [28].

We here investigated associations of BMI with gut microbi-
ota composition (alpha diversity and relative abundance at the 
phylum and genus taxonomic levels) in eight European obser-
vational studies with high-throughput microbiome sequenc-
ing techniques participating in the Intestinal Microbiomics 
Knowledge Platform (INTIMIC-KP) [29] using DataSHIELD, a 
statistical platform for federated, privacy-preserving analysis of 
individual-level data from multiple studies [28].

2   |   Methods

2.1   |   Study Population

The observational studies included in this study were identified in 
the INTIMIC-KP of the Joint Programming Initiative—A Healthy 
Diet for a Healthy Life (JPI HDHL) collaboration [29, 30]. Out of 
10 eligible (cross-sectional data, high-throughput microbiota data, 
participant age ≥ 18 years) studies, seven observational studies (five 
population-based, two disease-based) and the control arm of one 
intervention study (healthy volunteers) participated (Table 1), con-
tributing data from 7420 participants. This study was performed 
in line with the principles of the Declaration of Helsinki. Approval 
was granted by the local Ethics Committee of the participating 
studies (for details, please refer to the Supporting Information: 
Methods). Written informed consent was obtained from all indi-
vidual participants of the participating studies.

2.2   |   Data Assessments

BMI expressed in kg/m2 was derived from measurements in six 
out of eight studies (Table  1). Gut microbiota composition was 
obtained from high-throughput sequencing of stool samples (16S 
rRNA gene sequencing in seven studies; shotgun metagenomics in 
one study). Relative abundance (in percent, range: 0%–100%) was 
derived at phylum and genus level, respectively, and Shannon–
Wiener diversity index (H′ = −Σ (pi × ln (pi)), where pi is the pro-
portion of the ith sequence variant relative to the total number of 
sequence variants observed, from here on referred to as Shannon 
index), a measure for alpha diversity accounting for the number 
of species (richness) and their relative abundance (evenness) [40] 
was calculated in each study separately. Five phyla and 25 genera 
were identified as candidate bacteria to be investigated as outcome 
variables based on the results of our previous systematic review [9] 
(see Table S1). In 2022, the International Code of Nomenclature 
of Prokaryotes was updated, and according to the new code, 
Firmicutes is referred to as Bacillota, and the correct naming of 
the other phyla would be Bacteroidota, Pseudomonadota (formerly 
Proteobacteria), Actinobacteriota, and Verrucomicrobiota [41]. For 
the purpose of this investigation, we chose to maintain the old no-
menclature, i.e., the one used when studies were carried out.

Study participants' characteristics including sex, age, smok-
ing status, education level, prevalent diseases, current use of 
medication, past use of antibiotics, and physical activity were 
obtained from study-specific questionnaires (Table S1). Dietary 
variables, when available, were obtained from a food-frequency 
questionnaire (ErNst [34], FoCus [35]) or from food records 
(Diet4MicroGut [31], DONALD [42], MeaTIc [36], and NU-
AGE [43]).
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The data harmonization and upload processes were comparable 
to a previous federated analysis of multiple studies [44]. Details 
on the local and centralized data harmonization processes 
are described in the Supporting Information: Methods and in 
Table S1. Study partners uploaded the harmonized datasets to 
their local servers together with the corresponding data dictio-
naries and gave the analysts permission to access the data via 
DataSHIELD.

2.3   |   Statistical Analysis

Overall, studies uploaded data for 7420 participants, of whom 
participants with a Shannon index equal to zero were excluded, 
leaving a total of 7415 participants for analyses. Centralized data 
harmonization, derivation of variables, and statistical analyses 
were performed in R software (version 4.3.1, R Foundation for 
Statistical Computing, Vienna, Austria) using the federated data 
analysis platform DataSHIELD (dsBaseClient package, version 
6.2) [28]. Individual participant data (IPD) remained on the serv-
ers of the contributing study locations and were analyzed from a 
central analysis computer [44].

Participants' characteristics were summarized using frequency 
and percentage for categorical variables, mean and standard 
deviation for (visually) approximately normally distributed con-
tinuous variables, and median and interquartile range (IQR) 
for visually skewed continuous variables. Spearman correla-
tion coefficients between BMI and fiber intake were calcu-
lated. Generalized linear models (GLMs) were used to examine 
the cross-sectional associations of BMI (independent variable) 
with gut microbiota composition (dependent variables). We per-
formed meta-analysis using IPD in a study-level meta-analysis 
(SLMA), also referred to as the two-stage IPD approach [45], 
where the regression analysis was performed separately for each 
study, and then, the study-specific results were combined using 
conventional meta-analysis [28, 44]. For comparison, we addi-
tionally used virtual IPD analysis in a one-stage approach [45], 
which refers to a full-likelihood-based methodology generating 
results equivalent to analyzing pooled data [46].

We applied linear regression with BMI as the independent vari-
able and Shannon index or relative abundance (in percent, range 
0%–100%) of prevalent taxa (present in > 90% of samples). All 
models were adjusted for age and sex, and one-stage IPD mod-
els also for the study source. To address skewed distributions, 
linear regression models with the relative abundance of taxa 
as the outcome were log-transformed after adding a pseudo-
count of 0.01%, which also has the advantage of being robust 
against outliers. Shannon index, Firmicutes, and Bacteroidetes 
distributions were not skewed and not transformed for analysis. 
Because of heteroscedasticity detected in some models by using 
nondisclosive regression plot diagnostics [47], we show robust 
standard errors based on the HC1 method [48] with their cor-
responding confidence intervals and p-values for all models. 
For the Prevotella:Bacteroides (P:B) ratio, a previously described 
bimodal distribution [49] was observed (see Figure S1), so this 
outcome was modeled as a dichotomous variable in logistic re-
gression (high vs. low P:B ratio). In addition, we applied frac-
tional regression [50] to the relative abundance data of all taxa. 
This semiparametric approach has been previously applied to 

gut microbiota relative abundance data  [51], is robust toward 
heteroskedasticity, and is easily interpretable, since the regres-
sion coefficients can be interpreted as odds ratios (ORs) corre-
sponding to the chance that a certain sequence is assigned to 
certain phyla or genera. This method also accommodates less 
prevalent taxa that contain a substantial amount of zero values 
(indicating that the corresponding taxa were not observed in 
the sample) (see Table S3). Taxa present in < 10% of the samples 
were excluded from all analyses.

Between-study heterogeneity was assessed using the Chi2-test 
and I2 statistics (≥ 50% referring to substantial heterogeneity) 
[52]. Using the “leave-one-study-out” approach, we evaluated 
the impact on summary results and between-study heterogene-
ity [53]. We estimated the association of a 5-unit higher BMI (an 
increment frequently used in epidemiology to indicate health-
relevant BMI differences) with gut microbiota composition 
(Shannon index and the relative abundance of candidate taxa on 
the phylum and genus level). Moreover, we investigated the role 
of fiber intake by additionally adjusting for it. We corrected for 
multiple testing according to the Benjamini–Hochberg method 
(false discovery rate, FDR) [54] with an FDR of 0.05 and ac-
counting for 36 tests (12 linear regressions, 1 logistic regression, 
and 23 fractional regressions).

3   |   Results

3.1   |   Sample Characteristics

Participant characteristics are summarized in Table  2. 
Diet4MicroGut had the study population with the lowest BMI, 
including 87% of the participants with BMI < 25 and 0% with 
BMI > 30, and MetaCardis had (by design) the study popula-
tion with the highest obesity prevalence (52%). Median fiber 
intake varied between 14.8 g/day in DONALD and 37.7 g/day 
in Diet4Microgut. BMI was weakly inversely correlated with 
energy-adjusted fiber residuals in all studies except DONALD 
(Table S2).

The mean Shannon index varied between 3.43 (MetaCardis) and 
4.22 (ErNst) in the majority of studies (EPIC-Potsdam, ErNst, 
FoCus, MetaCardis, and MeaTIc), with three studies having 
substantially lower (NU-AGE, 1.89) or higher (Diet4MicroGut, 
5.76; DONALD, 6.03) alpha diversity. Table S3 shows character-
istics by BMI categories.

Taxa of the assessed bacterial phyla were detected in at least 
97% of all samples except for Verrucomicrobia (prevalence 66%) 
(Table S4). On the genus level, five of the 25 taxa were detected 
in > 90% of samples, and one taxon (Rikenella) was found in 
< 10% of samples and was excluded from further analyses.

3.2   |   Association of BMI With Alpha Diversity

The age- and sex-adjusted SLMA showed that a 5 kg/m2 higher 
BMI was associated with a lower Shannon index (β: −0.05; 95% 
CI: −0.07; −0.03, FDR-adjusted p < 0.0001), with substantial 
between-study heterogeneity (I2 = 60%). Despite the heterogene-
ity, all effect estimates are consistent with an inverse association 
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(Figure  1). Although excluding the EPIC-Potsdam substudy 
from analysis reduced heterogeneity (I2 = 0%), the results for the 
association between BMI and Shannon index were unchanged 
(data not shown).

3.3   |   Association of BMI With F:B and P:B Ratios

Higher BMI was not associated with F:B ratio, with high het-
erogeneity (I2 = 94%) and inconsistent results across studies 
(Figure 2A). Similarly, higher BMI was not associated with the 
odds of high versus low P:B ratio (Figure 2B).

3.4   |   Association of BMI With Relative Abundance 
of Prevalent Taxa

On the phylum level, higher BMI was not associated with the rela-
tive abundance of Firmicutes, Bacteroidetes, and Actinobacteria 
(Table  3), with inconsistent results and substantial heteroge-
neity (Figure  S2). Excluding EPIC-Potsdam substudy from 
the analysis resulted in lower between-study heterogeneity for 
Firmicutes (I2 = 1%) and a positive association with BMI (β: 
0.40; 95% CI: 0.23, 0.58). Higher BMI was associated with higher 
relative abundance of the phylum Proteobacteria (β: 0.05; 95% 
CI: 0.01, 0.09), but not statistically significant after adjustment 
for multiple testing (FDR-adjusted p = 0.07) (Table  3). On the 
genus level, higher BMI was not associated with the relative 
abundance of Bacteroides, Parabacteroides (both Bacteroidetes 
phylum), Roseburia, and Ruminococcus (both Firmicutes), and 

between-study heterogeneity was substantial (I2 > 50). A 5-unit 
BMI increment was associated with lower relative abundance of 
Faecalibacterium (Firmicutes) (β: −0.11, 95% CI: −0.14, −0.07 
on the log-transformed scale, FDR-adjusted p < 0.0001) with low 
heterogeneity (I2 = 20%) (Table 3 and Figure S3).

Results of the linear regression were mostly consistent between 
SLMA (two-stage approach) and IPD (one-stage approach), 
with some exceptions (Table  S5): Associations were observed 
in the one-stage approach but not in the two-stage SLMA for 
F:B ratio, Bacteroidetes, and Actinobacteria; however, except 
for Actinobacteria, all these associations were characterized 
by high between-study heterogeneity in the (two-stage) SLMA 
analysis.

3.5   |   Results of the Fractional Regression for Both 
Prevalent and Less Prevalent Taxa

The positive association between BMI and the phylum 
Proteobacteria observed in the linear regression was confirmed 
in the fractional regression, where a 5 kg/m2 higher BMI was 
associated with an 8% higher odds (OR 1.08, 95% CI: 1.04, 
1.12, FDR-adjusted p = 0.001) that a sequence read is assigned 
to Proteobacteria (Table  4). The inverse association between 
BMI and Faecalibacterium was also observed in the fractional 
regression analysis (OR 0.96, 95% CI: 0.92, 1.00, FDR-adjusted 
p = 0.19). Although no association between BMI and Roseburia 
was observed in the linear regression, a positive association 
was observed in the fractional regression (OR: 1.04, 95% CI: 

FIGURE 1    |    Forest plot of random-effects study-level meta-analysis showing the mean difference in alpha diversity (Shannon-Index) per 5-unit 
BMI increment among adults from eight European studies, sex and age adjusted.
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1.01, 1.06, FDR-adjusted p = 0.01). Regarding less prevalent 
taxa, we observed a positive association between BMI and 
odds of Collinsella (Actinobacteria) detection (OR: 1.11, 95% 
CI: 1.06, 1.17, FDR-adjusted p = 0.0003; Table 4 and Figure 3). 
Further, BMI was positively associated with odds of detection 
of Clostridium (OR: 1.05, 95% CI: 1.02, 1.08, FDR-adjusted 
p = 0.02), Dorea (OR: 1.06, 95% CI: 1.02, 1.10, FDR-adjusted 
p = 0.02), and Streptococcus (OR: 1.18, 95% CI: 1.09, 1.27; FDR-
adjusted p = 0.0002), three genera of the Firmicutes phylum 
(Table 4 and Figure 3).

3.6   |   Sensitivity Analysis: Adjustment 
for Fiber Intake

This analysis excluded the EPIC-Potsdam substudy and 
MetaCardis, as fiber intake data were not available. The associ-
ation between higher BMI and lower Shannon index (β: −0.04, 
95% CI: −0.06, −0.03) persisted after exclusion of these two stud-
ies and was not changed by adjustment for energy-adjusted fiber 
residuals and energy intake (β: −0.04, 95% CI: −0.05, −0.03). In 
addition, the associations between higher BMI and higher odds 
of detection of Collinsella, Dorea, and Streptococcus persisted 
after exclusion of the EPIC-Potsdam substudy and MetaCardis 
(OR [95% CI] 1.14 [1.02, 1.26], 1.11 [1.04, 1.20], 1.22 [1.15, 1.30], 
respectively) and remained unchanged after adjustment for fiber 
residuals with energy intake adjustment (OR [95% CI] 1.09 [1.01, 
1.18], 1.10 [1.04, 1.17], 1.16 [1.02, 1.33], respectively). All other 
observed associations were slightly attenuated after exclusion of 
the EPIC-Potsdam substudy and MetaCardis, and these associ-
ations were not affected by fiber adjustment (data not shown).

4   |   Discussion

In this individual-level data meta-analysis of cross-sectional 
study data, gathering eight European observational studies, 

we found consistent evidence that higher BMI was associated 
with lower alpha diversity (Shannon index). Further, BMI 
was positively associated with the phylum Proteobacteria, 
but no associations were found for the phyla Firmicutes and 
Bacteroidetes or with the F:B ratio, with high between-study 
heterogeneity. On the genus level, higher BMI was associ-
ated with lower relative abundance of Faecalibacterium of the 
Firmicutes phylum but with higher odds of detection of Dorea, 
Clostridium, and Streptococcus, three genera also belonging to 
Firmicutes. Further, a higher odds of detection of Collinsella of 
the Actinobacteria phylum was observed with higher BMI.

A literature-based systematic review summarizing the evidence 
on the association between obesity and gut microbiota com-
position revealed that out of 22 studies, nine found an inverse 
association with the Shannon index, whereas 11 found no statis-
tically significant association, and two found a positive associ-
ation. Further, in the meta-analysis of seven studies, there was 
between-study heterogeneity of 83%, and the combined estimate 
indicated a weak inverse association [9]. Our current study ex-
tends these findings by supporting an inverse association of BMI 
with the Shannon index. Despite observing substantial hetero-
geneity in our study as well (60%), effect estimates for every par-
ticipating study pointed to an inverse association.

In our study, we neither found evidence of a positive association 
of BMI with the F:B ratio, nor with Firmicutes relative abun-
dance, nor an inverse association with Bacteroidetes relative 
abundance. Our findings for the F:B ratio were consistent with 
the previous meta-analysis [9], where no overall association was 
found in people with versus without obesity. However, higher 
Firmicutes relative abundance comparing people with versus 
without obesity was observed in a meta-analysis of six studies. 
Both the present study and the literature-based meta-analysis [9] 
show very high heterogeneity for the analysis with Firmicutes 
and Bacteroidetes, which may be explained by unaccounted 
differences between studies and study populations, as well as 

FIGURE 2    |    Forest plots of random-effects study level meta-analysis among adults from eight European studies, sex and age adjusted, showing (A) 
the mean difference in Firmicutes to Bacteroidetes ratio (log-transformed) per 5-unit BMI increment and (B) odds of high (> 0.01) Prevotella to Bacter.
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study-specific differences in the composition of genera or species 
belonging to Firmicutes. In the present study, we also observed 
no association between BMI and P:B ratio, although previous 
studies reported a higher P:B ratio among participants with obe-
sity [55] or higher Prevotella relative abundance [23, 56, 57] and 
lower Bacteroides relative abundance [18, 58] comparing people 
with versus without obesity. In the previous systematic review, 
three studies reported higher Prevotella abundance in people 
with versus without obesity, whereas in the case of Bacteroides, 

results were inconsistent (three studies reported higher and two 
studies lower Bacteroides in people with vs. without obesity) [9].

In line with a systematic review reporting a consistent associa-
tion of Proteobacteria with obesity [59], we observed a positive 
association of BMI with the relative abundance as well as the 
odds of detection of Proteobacteria with substantial heterogene-
ity. On the study level, a positive association was observed in all 
but two smaller population-based studies (ErNst and NU-Age) 

TABLE 3    |    Random effects study level meta-analyses of the associations between BMI (per 5-unit increase) and alpha diversity, relative abundance 
of prevalent taxa at the phylum and genus levela,b and F:B and P:B ratios.

Gut microbiome 
composition 
characteristic

Mean difference per 5 BMI (kg/m2)-units incrementc

N β (95% CI) Adjusted p-valued Heterogeneity χ2
Heterogeneity 

p-value I2 (%)

Alpha diversity 7175 −0.05 (−0.07; −0.03) < 0.0001 16.62 0.02 60

F:B ratioe 7385 0.01 (−0.06; 0.08) 0.90 62.24 < 0.0001 94

More prevalent taxa (present in ≥ 90% of samples)

Phylum

Actinobacteriae 7385 0.03 (−0.01; 0.06) 0.22 8.19 0.32 36

Bacteroidetes 7385 −0.76 (−2.34; 0.82) 0.55 117.91 < 0.0001 97

Firmicutes 7385 0.37 (−0.82; 1.57) 0.74 116.38 < 0.0001 96

Proteobacteriae 7385 0.05 (0.01; 0.09) 0.07 12.33 0.09 53

Genus

Bacteroides 
(Bacteroidetes)e

7386 −0.01 (−0.05; 0.04) 0.90 26.40 0.0004 69

Parabacteroides 
(Bacteroidetes)e

7386 −0.03 (−0.09; 0.03) 0.55 19.45 0.01 60

Faecalibacterium 
(Firmicutes)e

7386 −0.11 (−0.14; −0.07) < 0.0001 12.62 0.08 20

Roseburia 
(Firmicutes)e

7386 0.03 (−0.02; 0.08) 0.37 14.17 0.05 53

Ruminococcus 
(Firmicutes)e

7386 −0.07 (−0.15; 0.01) 0.22 44.67 < 0.0001 78

Odds per 5 BMI (kg/m2)-units incrementf

N OR (95% CI) Adjusted p-valuec Heterogeneity χ2 Heterogeneity 
p-value

I2 (%)

P:B ratio (high vs. 
low)g

7386 1.03 (0.93; 1.15) 0.74 11.82 0.11 58

Abbreviations: F:B, Firmicutes to Bacteroidetes ratio; P:B, Prevotella to Bacteroides ratio.
aParticipants with alpha diversity of zero were excluded; N = 4 in FoCus and N = 1 in NU-AGE. Excluding taxa present in < 10% of samples.
bIn 2022, the International Code of Nomenclature of Prokaryotes was updated, and according to the new code, Firmicutes is referred to as Bacillota, and the correct 
naming of the other phyla would be Bacteroidota, Pseudomonadota (formerly Proteobacteria), Actinobacteriota, and Verrucomicrobiota [41]. We here chose to 
maintain the old nomenclature, i.e., the one used when studies were carried out.
cLinear regression using generalized linear models with robust standard errors to address heteroscedasticity of residuals observed in some models. Dependent 
variables: Alpha diversity, relative abundance of prevalent taxa at the phylum/genus level; independent variables: BMI per 5 (kg/m2)-unit increment plus sex and age 
(years) for adjustment.
dUsing Benjamini–Hochberg FDR controlling procedure.
eRatios and taxa were log-transformed (natural logarithm). A pseudocount of 0.01% was added to relative abundance (all observations) to allow for log-transformation 
in the presence of zeros.
fLogistic regression using generalized linear models was fitted for estimating the probability of the binary outcome (high versus low P:B ratio or taxa as binary 
variable: taxa observed versus taxa not observed in sample). Dependent variable: P:B ratio; independent variables: BMI per 5 (kg/m2)-unit increment plus sex and age 
(years) for adjustment.
gPrevotella to Bacteroides (P:B) ratio was dichotomized, where values > 0.01 were categorized as high.
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TABLE 4    |    Study level meta-analyses of fractional regressions on the associations of BMI (per 5-unit increase) with odds of detection of taxa at 
the phylum and genus level.

Taxa Prevalenceb OR (95% CI)a
Adjusted 
p-value

Heterogeneity 
ChiSq

Heterogeneity 
p-value

I2 
(%)

Phylum

Actinobacteria ≥ 90% 7391 1.03 (1.00, 1.06) 0.10 6.04 0.53 8

Bacteroidetes ≥ 90% 7391 0.93 (0.83, 1.04) 0.38 119.82 < 0.0001 99

Firmicutes ≥ 90% 7391 1.02 (0.97, 1.08) 0.65 125.45 < 0.0001 96

Proteobacteria ≥ 90% 7391 1.08 (1.04, 1.12) 0.0007 14.46 0.04 48

Verrucomicrobia 10%–90% 7391 0.94 (0.87, 1.02) 0.29 13.48 0.06 38

Genus

Bifidobacterium 
(Actinobacteria)

10%–90% 7391 1 (0.95, 1.06) 0.99 9.80 0.20 36

Collinsella 
(Actinobacteria)

10%–90% 7391 1.11 (1.06, 1.17) 0.0003 10.73 0.15 42

Bacteroides 
(Bacteroidetes)

≥ 90% 7391 0.99 (0.93, 1.04) 0.79 58.28 < 0.0001 87

Odoribacter 
(Bacteroidetes)

10%–90% 7391 0.93 (0.86, 1.00) 0.15 20.97 0.004 72

Parabacteroides 
(Bacteroidetes)

≥ 90% 7391 0.98 (0.93, 1.04) 0.76 31.12 0.0001 80

Paraprevotellac 
(Bacteroidetes)

10%–90% 7248 1 (0.92, 1.09) 0.99 11.37 0.08 41

Prevotella 
(Bacteroidetes)

10%–90% 7391 0.89 (0.65, 1.21) 0.67 23.69 0.001 97

Blautia 
(Firmicutes)

10%–90% 7391 1.09 (0.99, 1.19) 0.18 43.26 < 0.0001 83

Clostridiumd 
(Firmicutes)

10%–90% 7312 1.05 (1.02, 1.08) 0.02 6.10 0.41 0

Coprococcus 
(Firmicutes)

10%–90% 7391 0.97 (0.95, 1.00) 0.09 3.78 0.80 0

Dialister 
(Firmicutes)

10%–90% 7391 1.06 (0.99, 1.13) 0.20 16.38 0.02 63

Dorea (Firmicutes) 10%–90% 7391 1.06 (1.02, 1.10) 0.02 12.82 0.08 46

Eubacterium 
(Firmicutes)

10%–90% 7391 1 (0.98, 1.03) 0.90 4.00 0.78 0

Faecalibacterium 
(Firmicutes)

≥ 90% 7391 0.96 (0.92, 1.00) 0.19 32.82 < 0.0001 77

Lachnospira 
(Firmicutes)e

10%–90% 5432 0.98 (0.9, 1.06) 0.74 6.75 0.34 15

Oscillospira 
(Firmicutes)f

10%–90% 3914 1 (0.94, 1.07) 0.99 5.88 0.32 0

Roseburia 
(Firmicutes)

≥ 90% 7391 1.04 (1.01, 1.06) 0.01 5.15 0.64 8

Ruminococcus 
(Firmicutes)

≥ 90% 7391 0.99 (0.94, 1.04) 0.80 26.76 0.0004 67

(Continues)
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that do not differ substantially regarding main characteristics 
from the rest of the studies, although ErNst had a relatively low 
obesity prevalence, whereas NU-Age is the study with the high-
est average age. The phylum Proteobacteria has been associated 
with inflammation and microbial dysbiosis [60] and could play a 
role in obesity-associated disease risk. However, Proteobacteria 
were not investigated in detail in the present study (only 
Enterobacter and Sutterella, which showed no association in the 
fractional regression analysis), so further research on the genus 
and species level could provide insights into the specific roles of 
Proteobacteria in obesity.

On the genus level, our findings of an inverse association of BMI 
and relative abundance of Faecalibacterium (with low heterogene-
ity) support findings from some previous studies [58, 61], but not 
those of others [18, 57]. A depletion in the fiber-degrading, short-
chain fatty acid-producing Faecalibacterium has been observed 
in nonalcoholic steatohepatitis (NASH), the more severe form of 
nonalcoholic fatty liver disease (NAFLD), which is accompanied 
by inflammation and oxidative stress [62], pointing to a potential 
disease-protective role of Faecalibacterium in obesity.

In contrast, we observed positive BMI associations with the 
odds of detection of three genera of the Firmicutes phylum 
(Streptococcus, Dorea, and Clostridium). The positive associa-
tion between BMI and Streptococcus was observed with mod-
erate heterogeneity, i.e., a positive association was observed in 
all but two population-based studies, i.e., Diet4MicroGut and 
DONALD, that both had a lower mean age compared with the 
other studies, a majority of participants with normal weight, and 
no prevalent cardiometabolic diseases in Diet4MicroGut and a 
low prevalence presumably also in DONALD. Our findings of a 
positive association between BMI and Streptococcus were con-
sistent with the systematic review by Pinart et al. (five studies 

found significantly higher relative abundance comparing people 
with vs. without obesity) [9]. Streptococcus enrichment has been 
observed among people with obesity, comparing those with 
versus without NAFLD, suggesting a potential role in obesity-
associated comorbidity [63].

Higher BMI was associated with a higher odds of Dorea detec-
tion with moderate heterogeneity: A positive association was 
observed in all studies except NU-AGE, which is the study with 
the oldest study population, but the prevalence of cardiomet-
abolic diseases was not available for this study. In addition, 
higher BMI was positively associated with the odds of detec-
tion of Clostridium, with low heterogeneity, although inverse 
associations were observed in NU-AGE and EPIC-Potsdam, the 
detection proportions in these two studies were close to zero. 
Both Dorea and Clostridium have been previously found to be 
enriched in people with obesity [9] and have been related to 
increased gut permeability and inflammation and may there-
fore play a functional role for obesity-related chronic disease 
risk [64].

The observed positive association between BMI and odds of de-
tection of the genus Collinsella, of the phylum Actinobacteria, 
is supported by previously observed enrichment in people with 
obesity [65]. Collinsella enrichment has also been observed in 
Type 2 diabetes [66] and rheumatoid arthritis [67], suggesting 
a potential pro-inflammatory role (e.g., relative abundance of 
Collinsella correlated with the proinflammatory cytokine IL-
17A), coupled with experimental evidence that Collinsella may 
increase gut permeability [67]. Furthermore, low fiber intake 
has been positively associated with Collinsella abundance in the 
gut microbiota of overweight and pregnant women with obesity 
[68]. However, in our study, the positive association between 
BMI and the odds of detection of Collinsella was only slightly 

Taxa Prevalenceb OR (95% CI)a
Adjusted 
p-value

Heterogeneity 
ChiSq

Heterogeneity 
p-value

I2 
(%)

Streptococcus 
(Firmicutes)

10%–90% 7391 1.18 (1.09, 1.27) 0.0002 13.30 0.07 50

Subdoligranulumc 
(Firmicutes)

10%–90% 7248 0.99 (0.89, 1.10) 0.91 24.45 0.00 87

Veillonella 
(Firmicutes)g

10%–90% 7306 1.10 (1.01, 1.18) 0.09 7.10 0.31 0

Enterobacterh 
(Proteobacteria)

10%–90% 7163 0.57 (0.17, 1.95) 0.58 34.06 < 0.0001 99

Sutterella 
(Proteobacteria)

10%–90% 7391 1.10 (0.99, 1.23) 0.18 19.13 0.01 84

Akkermansia 
(Verrucomicrobia)

10%–90% 7391 0.95 (0.87, 1.03) 0.38 17.85 0.01 42

aFractional regression using generalized linear models (family quasibinomial, link logit), calculating odds ratios (ORs). Dependent variables: relative abundance 
proportions of taxa at the phylum/genus level; independent variables: BMI per 5 (kg/m2)-unit increment plus sex and age (years) for adjustment.
bDetailed study-specific taxa prevalences are displayed in Table S4.
cModel for Subdoligranum and Paraprevotella exclude Diet4MicroGut (data not available).
dModel for Clostridium excludes DONALD (data not available).
eModel for Lachnospira excludes MetaCardis (data not available).
fModel for Oscillospira excludes FoCus and MetaCardis (data not available).
gModel for Veillonella excludes MeaTIc (data not available).
hModel for Enterobacter excludes Diet4MicroGut and MeaTIc (data not available).

TABLE 4    |    (Continued)
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attenuated by fiber adjustment. More human research into how 
Collinsella influences host metabolism and/or gut permeability 
in people with and without obesity and the role of dietary intake 
is warranted.

Other previously observed associations at the genus level 
were not confirmed by the present study; for example, we 
did not find consistent associations of BMI with Dialister, 
Eubacterium, Lachnospira, Roseburia, and Ruminococcus, 
which have been reported to be higher among people with 
obesity [9]. We also did not find associations of BMI with 
Akkermansia, Paraprevotella, or Subdoligranulum, which 
have been found in other studies to be inversely associated 
with obesity [9].

We found no evidence of an impact of dietary fiber intake ad-
justment on the association between BMI and Shannon index 
and odds of detection of Collinsella, Dorea, and Streptococcus, 
suggesting that these associations cannot be explained by 

variation in fiber intake. However, these were only sensitivity 
analyses, and information on dietary intake was not available 
in the two largest studies included in this analysis. Therefore, 
a deeper analysis of the role of potential interaction by fiber 
intake was beyond the scope of this study. Fiber intake was 
weakly inversely correlated with BMI in most studies. Of the 
few previous investigations on the role of fiber intake as a 
potential confounder, one small study observed that fiber ad-
justment did not attenuate the observed associations between 
BMI and microbiota diversity and composition [69]. In an-
other study, the association between BMI categories and taxa 
belonging to the Firmicutes and Actinobacteria phyla was 
attenuated after adjustment for dietary fiber [70], although 
the association with the family Paraprevotellaceae (phylum 
Bacteroidetes) persisted. Although dietary fibers directly inter-
act with the gut microbiota [71], several observational studies 
did not report an association between fiber intake and micro-
biota composition [21, 23, 72, 73], which may explain why we 
did not observe an impact on the association of BMI with gut 

FIGURE 3    |    Forest plots of random-effects study level meta-analysis among adults from eight European studies, sex and age adjusted, showing 
odds of detection of (A) Collinsella, (B) Dorea, (C) Streptococcus, and (D) Clostridium per 5-unit BMI increment.
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microbiota composition after fiber intake adjustment. In addi-
tion, measurement errors in estimating fiber intake could also 
have played a role [74].

Some explanations for the discrepant results found in the lit-
erature on the associations of BMI with gut microbiota com-
position include differences in the populations, such as sex, 
age, prevalence of chronic diseases, geographical region, and 
diet. Although we used harmonized variables in our study, the 
harmonization procedure was retrospective. Retrospective 
harmonization can improve data comparability across stud-
ies but is still subject to background noise from different data 
collection methods [75]. More specifically, one important 
source of heterogeneity that can lead to discrepant results is 
related to differences in DNA extraction methods, sequenc-
ing, and data processing techniques [76]. In our study, the 
most common method used to determine microbiota compo-
sition was sequencing of the variable region V3–V4 within the 
16S rRNA gene, but three studies sequenced other 16S rRNA 
gene regions, and one study used shotgun metagenomics. 
Additionally, different taxonomic databases were used. Both 
the database and the targeted sequencing region can influ-
ence genera annotation and thereby can ultimately affect the 
comparability across studies. If raw data are available locally, 
these differences can be addressed to some extent, but com-
plete standardization remains challenging. Our observation 
of consistent results in terms of direction, for example, for 
the association between BMI and Shannon index, however, 
demonstrates the value of comparison of studies with slightly 
different microbiota assessment techniques.

This study has several strengths, including the large sample 
from eight studies from several European countries (Italy, 
Germany, France, and Denmark) and the high diversity of 
the study population, including a broad age range (mean age 
ranging from 25 to 71 years). Although several studies have 
addressed the research question of body fatness and gut mi-
crobiota composition, inconsistent results in human stud-
ies [9] highlight the importance of examining this question 
in a large and diverse population with harmonized data. In 
the present meta-analysis, the GLMs for every single study 
included the same harmonized variables, overcoming some 
important limitations identified in the previous systematic 
review, i.e., different definitions of exposure and covari-
ables, as well as a general lack of adjustment even for major 
confounders such as age and sex [9]. Another strength is 
the federated data environment through DataSHIELD. This 
method facilitated the analysis of data from multiple studies 
without sharing and pooling data; this reduces the admin-
istrative burden and ethical challenges associated with data 
sharing, as well as a reduced burden on analytical capacity 
in individual studies (as compared with alternative forms of 
data sharing), all of which may be a barrier in collaborative 
projects [28]. Additionally, we were able to compare results 
with two different approaches: two-stage (SLMA) and one-
stage IPD analysis; a previous study found both approaches 
to provide consistent results, but more conservative results in 
two-stage IPD [44]. We additionally found out that exceptions 
where results differed were characterized by high between-
study heterogeneity, providing valuable information to con-
sider about one-stage IPD analysis validity in specific cases 

and highlighting the importance of taking heterogeneity into 
consideration when interpreting results.

Our study also has some limitations, for example, the cross-
sectional nature of our analysis precludes any insight into 
direction and causality, and residual confounding cannot be 
ruled out. Another limitation deals with differences in data 
collection methods across studies, including the sequenced 
genetic marker and taxonomic database used. We did not 
use specific statistical packages for microbiome data (such as 
Maaslin2) because these were not available for DataSHIELD 
at the time of analysis. However, we tested different statistical 
approaches based on one study (MetaCardis) and found highly 
consistent results in terms of direction of association and sta-
tistical significance when comparing beta regression (contin-
uous part of model only), Maaslin2 package (continuous part 
of model only) [77], ZOIB package (continuous and binary part 
of model), and our approach (continuous and binary model) 
[78], strengthening the confidence in our statistical approach 
in a federated analysis of multiple studies. In addition, we 
found largely consistent results from the linear and fractional 
regressions for prevalent taxa. Finally, our results are not 
generalizable to the European population since the included 
studies were all limited to the INTIMIC-KP consortium, and 
the study participants were not in all studies selected from the 
general population.

5   |   Conclusion

Our results provide evidence of an inverse association be-
tween BMI and alpha diversity as well as a positive associa-
tion with Proteobacteria, whereas we found no association 
with Firmicutes, Bacteroidetes, or the F:B ratio and observed 
high between-study heterogeneity in these associations. On 
the genus level, we observed inverse associations of BMI 
with Faecalibacterium, and positive associations with Dorea, 
Streptococcus, Clostridium (all Firmicutes), and Collinsella 
(Actinobacteria). By including a large and diverse study popu-
lation from eight European studies, our findings offer valuable 
insights into the association of BMI with gut microbiota compo-
sition. Further efforts toward the harmonization of data, espe-
cially microbiota data processing methods, could help address 
the high between-study heterogeneity and explain the highly in-
consistent results reported in the literature. Such analysis could 
also be conducted in a federated data environment, which may 
increase the willingness of studies to contribute to such a com-
prehensive analysis by eliminating the need to share and pool 
data directly.
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